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Abstract

:

Stochastic weather simulation, or weather generators (WGs), have gained a wide acceptance and been used for a variety of purposes, including climate change studies and the evaluation of climate variability and uncertainty effects. The two major challenges in WGs are improving the estimation of interannual variability and reducing overdispersion in the synthetic series of simulated weather. The objective of this work is to develop a WG model of daily rainfall, incorporating a covariable that accounts for interannual variability, and apply it in three climate regions (arid, Mediterranean, and temperate) of Chile. Precipitation occurrence was modeled using a two-stage, first-order Markov chain, whose parameters are fitted with a generalized lineal model (GLM) using a logistic function. This function considers monthly values of the observed Sea Surface Temperature Anomalies of the Region 3.4 of El Niño-Southern Oscillation (ENSO index) as a covariable. Precipitation intensity was simulated with a mixed exponential distribution, fitted using a maximum likelihood approach. The stochastic simulation shows that the application of the approach to Mediterranean and arid climates largely eliminates the overdispersion problem, resulting in a much improved interannual variability in the simulated values.
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1. Introduction


Climate records are used for a wide variety of purposes, ranging from the characterization of climatic types of a particular location, to running operational models for resource evaluation and exploitation [1]. Climate data are also relevant for agricultural and ecological research [2,3], becoming critical inputs to forecast crop growth and development rates, as well as to model population dynamics of pest and diseases [4]. In addition, the data represent a baseline to assess global and local climate change effects [5]. However, climate information is not always available with the required spatial resolution and temporal coverage. Such lack of information becomes worse as one tries to retrieve information from the past. As an example, only 65% of the daily precipitation data in Chile can be retrieved for 2013, whereas less than 5% of daily rainfall data from 1950 is available (Figure 1). Thus, obtaining a complete and reliable long-term historical climate series is typically a challenge.



Stochastic weather models, or weather generators (WGs), are algorithms to generate synthetic series of climate variables, preserving the main statistical parameters of the observed series. WGs can effectively represent the intrinsic natural variability of the rainfall process, which is a prominent issue in the analysis of the projected uncertainties. The three main applications of WGs are (1) modelling weather and climate-sensitive systems, (2) generating missing weather data, and (3) downscaling global and regional climate change scenarios [6]. One of the first WGs was presented by Richardson (1981) [7], who developed an algorithm to simulate daily precipitation, radiation, and maximum and minimum temperature. This model was implemented as WGEN (Weather GENerator) by Richardson and Wright (1984) [1], which used a simple Markov Chain for precipitation occurrence, a gamma distribution for simulation of rainfall amounts, and an autoregressive model for the remaining variables. A number of subsequent WGs, such as WXGEN [8], CLIGEN [9,10], LARS-WG [11,12,13], ClimGen [14], WeaGETS [15,16], Met and Roll [17], MOFRBC [18,19], WeatherMan [20], MarkSim [21], AAFC-WG [22,23], WM2 [24], KnnCAD [25,26,27], and the WG used by the UK Met Office (UKCP09) [28,29], all share the basic principles of stochastic simulation presented in WGEN. These WGs are station-scale generators, with time scales that range from daily (or even hourly in the case of rainfall) to annual, daily resolution being the most common.



In recent years, most of the efforts in the improvement of WGs have been focused on the representation of daily rainfall, which can affect the simulation of the other climate variables [30]. The application of WGEN in Chile, Taulis, and Milke [31] reported an underestimation of the annual precipitation of 42% in arid region, and identified gaps to be addressed in order to assemble a new and better stochastic model. Also, Lobo et al. [10] used CLIGEN (CLImate GENerator) in central Chile (32°–39° S), and found that prior to calibration, the storm durations and maximum intensities were consistently overestimated and underestimated, respectively, especially in the wet season.



An alternative to improve the stochastic estimation of daily rainfall is to incorporate a generalized lineal model (GLM), with logistic regressions or logistic functions for the occurrences (binary process). Sometimes this approach is also adopted for the simulation of precipitation intensity, especially when the aim is to represent rainfall values that are clearly non-Gaussian [32]. The use of GLM was first proposed by Stern and Coe [33] and later, further developed by Yang et al. [34] and Chandler [35]. A GLM approach in WGs has been used by Verdin et al. [36] with fairly good results. Furrer and Katz [37] argue that its use can lead to a substantial improvement in the simulation of extreme precipitation, with several possible approaches (e.g., a hybrid technique with a gamma distribution for low to moderate intensities, and a generalized Pareto distribution for high intensities).



Another open area of research is the development and assessment of models to address the overdispersion phenomenon, i.e., when the observed variance exceeds that of the simulated values (e.g., Kim et al. [38] and Katz and Parlange [39]), and the improvement of the representation of interannual variability, by incorporating additional variables into the GLM scheme. For example, the El Niño–Southern Oscillation (ENSO) phenomenon is a large-scale atmospheric–oceanic feature that explains an important fraction of climate variability in several parts of the world [40,41]. Part of the fluctuations in the climatic regime of central Chile can be associated with this phenomenon. In fact, abundant precipitation is observed when the El Niño phase is present, while lower precipitation is expected during La Niña events [42].



Considering the potential for improvement associated with the use of covariables for the representation of interannual variability in a GLM approach, our aim is to develop a stochastic weather generator to model daily precipitation, incorporating ENSO index as a covariable. Furthermore, the model considers a mixed exponential distribution for simulating highly variable and skewed rainfall. Such an algorithm can be easily implemented and incorporated into existing WGs models. The proposed model is applied to a set of daily rainfall series observed in gauges located in arid, Mediterranean, and temperate (Wet) climates in Chile. This study discusses some of the issues encountered, to estimate the main set of parameters and propose recommendations for the future development of WGs.




2. Materials and Methods


This study seeks to develop a stochastic weather generator capable of reproducing precipitation series from several climatic zones. In our experiment, we developed two models, one with and one without ENSO, to evaluate ENSO’s relevance as a covariable. We applied the models across the continental area of Chile, covering a wide range of precipitation regimes from North to South that can be broadly classified into arid, Mediterranean, and temperate (Wet) types. The arid regime with coastal influence, represented here by the location of La Serena, presents a short rainy season from July to August. In this region, overcast skies, small rainfall amounts, and relatively colder temperatures are frequent. However, in the interior area (i.e., Copiapó and Vallenar) the presence of the desert results in arid, clear skies, and low relative humidity. The Mediterranean regime presents a rainy season concentrated in winter (from June to August), mainly driven by the influence of the South Tropical Anticyclone (SPA) and the cold Humboldt current along the Pacific coast [43]. The main source of interannual variability is El Niño Southern Oscillation (ENSO), producing typically above and below normal precipitation during El Niño and La Niña periods, respectively. In fact, Montecinos y Aceituno [44] argues that during El Niño episodes, above-average annual precipitation tends to occur over the region 35° to 38° S in late spring (October–November). In the temperate climate, rainfall is consistently present throughout the year. The effect of ENSO in areas with marked although above normal precipitation is expected during very strong El Niño periods. Note that during the 20th century, the subtropical zone (30°–37° S) of Chile has experienced a significant reduction in precipitation [45]. This decrease is mainly reflected in annual and winter precipitation in the Mediterranean region (30°–33° S), with periods of more precipitation between 1900–1940 and 1970–2000 (although not significant) [46], and a marked negative precipitation trend and high interannual variability during the period 1940–1970 [47].



2.1. Meteorological Stations and Climatic Data


Latitude is the main variable that explains precipitation variations in Chile (i.e., for the most part of the country precipitation increases with latitude). Climatic zones also change with elevation and proximity to the ocean. Annual temperature variations are smaller in coastal cities, resulting in milder winters and summers. On the other hand, precipitation tends to increase near the Andes mountain range [48].



Figure 2 and Table 1 present the selected 17 rain gauges and their main characteristics. The stations were distributed between latitudes 29°55′12′′ S and 59°93′40′′ S, and were part of two national rain gauge networks managed by the Dirección General de Aguas (DGA) and the Dirección Meteorológica de Chile (DMC). Daily precipitation records have a duration ranging from 21 years (1 gauge) to 64 years (11 gauges). The time series of the monthly observed sea surface temperature anomalies in the Niño region 3.4 (ENSO index) was obtained from the National Oceanic and Atmospheric Administration (NOAA (2017) [49]).




2.2. Precipitation Occurrence Submodel


Precipitation occurrence was modeled as a two-stage, first-order Markov chain. Hence, the conditional probability of precipitation occurrence on a specific day depends only on the precipitation occurrence in the previous one. The occurrence of precipitation in day t is treated as a binary variable Kt with value 1 or 0, in case of non-zero or no precipitation, respectively. The first-order Markov chain model is characterized by the transition probabilities     p 01     (i.e., probability of having a rainy day after a dry day), and     p 11     (i.e., probability of having a rainy day following a rainy day):


    p 01     ( t )  = P r (  K t  = 1   |  K  t − 1   = 0 ) .   



(1)






    p 11     ( t )  = P r (  K t  = 1   |  K  t − 1   = 1 ) .   



(2)




where Pr denotes probability. The model used to represent precipitation occurrence is a binomial GLM. Note that the expected value of a binomial distribution with a single trial (also called a Bernoulli distribution) is the underlying success probability, i.e., the unconditional probability of having rain the day t (    p 1   ( t )    ) in our case. Thus, a binomial GLM with a logistic function was used to link the covariables to precipitation occurrence. The primary covariable is the occurrence of rainfall on the previous day Kt−1, while the ENSO index is the second covariable. In this way, the conditional probabilities of the first-order Markov chain are being considered. Additional covariables, such as a seasonal cycle or other climatic indices, could be included if needed. The following expression was used to obtain     p 1   ( t )    .


    p 1     ( t )    =   exp  [   C 0  +  C 1   K  t − 1   +  C 2  ENSOindex  ]    1 + exp  [   C 0  +  C 1   K  t − 1   +  C 2  ENSOindex  ]      



(3)







Here     C 0     corresponds to the intercept,     C 1     is the associated parameter of     K  t − 1     , and     C 2     the coefficient that describes the influence of the ENSO index.



Given the strong seasonality of the precipitation regime, the parameters of the model used to estimate     p 1     ( t )     were fitted individually to each month, using the maximum likelihood approach with a numerical optimization procedure. The same approach has been followed by other authors (see as examples Furrer and Katz [50] and Wilks [51]).To determine whether precipitation occurs in the simulated day, a uniform random number (υ1) is generated. If     p 1   ( t )     ≤ υ1 a rainfall event is simulated, otherwise the day is considered to be dry (Figure 3).




2.3. Precipitation Intensity Submodel


Precipitation is usually associated to frontal systems with rather intensive values, but sometimes small rain events occur. In order to account for both types in a single model, a mixed exponential distribution function with parameters α,     ß 1    , and     ß 2     was used:


   f  ( x )  =  α   ß 1      exp   [   − x    ß 1  ]     +   1 − α    ß 2      exp   [   − x    ß 2  ]       



(4)







This model was used for any day t when     K t  = 1   . The parameter α represents the probability of having a precipitation intensity from one of the specific exponential distribution within the mixed function. Thus, if α is larger than a random uniform number υ2 between 0 and 1, then the precipitation follows an exponential distribution with mean M =     ß 1    , otherwise M =     ß 2    . Note that     ß 1     and     ß 2     correspond to magnitudes thar are low and high respectively. Finally, the precipitation of day t (Pt) is obtained as:


      P t  = − ln ( 1 −  υ 3  ) M   



(5)




where     υ 3     is a random uniform number between 0 and 1. Because of the seasonality in precipitation, parameters α,     ß 1    ,     ß 2     are estimated monthly using the maximum likelihood approach (Figure 3).





3. Results


3.1. Precipitation Occurrence


Table 2 compares the coefficients C0, C1, and C2 of the GLM model for precipitation occurrence including ENSO (values of the coefficients for the model that do not incorporate this covariable are not shown), and the basic goodness of fit statistics (i.e., coefficient of determination (R2), Akaike information criterion (AIC) [52], and the root mean square error (RMSE)) for both models. This comparison is shown for August, although similar results were obtained for the autumn and winter seasons. Incorporating the ENSO index improves the estimation of the precipitation occurrence during these months, mostly in arid and Mediterranean areas. For example, the La Serena rain gauge R2 increased from 0.5 to 0.7, and the AIC decreased from 966.9 to 890.9 in August, once the ENSO index was added to the GLM model only based on Kt-1.



Figure 4 compares the observed and simulated conditional probabilities     p 01     and     p 11     for the stations in La Serena and Santiago. The probability     p 11     is larger than     p  01     , reflecting the degree of persistence in the precipitation process, as the lag one autocorrelation corresponds to the difference between     p 11     and     p  01     . The probability     p 01     ranges from 0.01 to 0.15 in La Serena (Figure 4a) and from 0 to 0.25 in Santiago (Figure 4b). The probability     p 11     ranges from 0.06 to 0.5 in La Serena (Figure 4c) and from 0.05 to 0.6 in Santiago (Figure 4d).



In both locations, the ENSO index influences the precipitation occurrence. Specifically, when this covariable has values between 0.5 and 2.5 (i.e., during warmer than normal conditions known as El Niño), the probability of precipitation occurrence increases with the ENSO index. Conversely, during La Niña, the probability of precipitation occurrence decreases with the ENSO index, regardless of the dry or wet condition of the previous day. Interestingly, the contours of the historical and simulated probabilities behave similarly, as the GLM model is able to reproduce the seasonality of the probabilities, which are larger for the winter months (June, July, and August) and smaller during the summer months (December, January, and February).



Table 3 summarizes the contingency tables for the number of observed and simulated rainy and dry days, considering 10 random years. Again, the GLM model performs better when the ENSO index is included, for both rainy and dry days, particularly in arid and Mediterranean climates. We used the Heidke skill score (HSS) [53] to assess the overall performance of the model. Negative HSS values indicate that a random forecast is better, 0 means no skill, and 1 means perfect forecast. There is a significant improvement in this score when using the ENSO index for gauges in an arid climate.




3.2. Precipitation Intensity


3.2.1. Annual Precipitation


The model is now evaluated in terms of its capability to reproduce annual precipitation. Figure 5 shows the relative difference (%) between observed and synthetically simulated average values of this variable. This difference varies among the climates, and tends to be larger for the gauges located in arid regions. In fact, there is an error of ~9% for La Serena gauge (i.e., the observed and simulated annual average are 84.3 and 76.8 mm respectively). Overall, larger errors in arid regions with long dry periods are partially explained by the larger number of zero precipitation days through the year, which affects the estimation of the model’s parameters. Nevertheless, annual precipitation totals and standard deviations for all of the Chilean stations are simulated reasonably well, as illustrated in Figure 6.




3.2.2. Monthly Precipitation


Figure 7 shows a box-plot diagram comparing synthetically generated and historical monthly precipitation grouped for the spring–summer and autumn–winter months for La Serena and Balmaceda. Similarly, Figure 8 presents the same results for Santiago and Puerto Aysén. Similar results to those presented in Figure 7c,d and Figure 8c,d were found for the remaining temperature stations. Overall, monthly precipitation in winter was better estimated, for both the temperate and Mediterranean climates. However, for the La Serena gauge (arid climate), the model generated precipitation values different than the historical ones during spring and summer months. For example, in February the 25th percentile, or quartile Q3, of the synthetically generated values is the same as the maximum historical precipitation (Figure 7a). This difference is explained by the fact that a few precipitation outliers affected the distribution of synthetically generated data in that month. On the other hand, the model is able to generate monthly precipitation values similar to the observed ones for autumn and winter months, as shown in Figure 8b,d. In Santiago, the minimum and maximum observed daily precipitation values in July were 0.2 mm and 27.1 mm, while the simulated ones were 0.5 mm and 27 mm. Similarly, the observed 75th, 50th, and 25th percentiles (i.e., quartiles Q1, Q2, and Q3) are 12.0 mm, 2.9 mm, and 0.9 mm, values that compare very well with the simulated ones, which are 11.9 mm, 3.2 mm, and 0.7, mm (Figure 8b).




3.2.3. Mixed Exponential Distribution Parameters


Figure 9 compares the values of parameters α,     ß 1    , and     ß 2     used in the mixed exponential distribution for both observed and simulated series. Overall, monthly values of α for Rancagua located in the Mediterranean climate (Figure 9a) were similar, with the largest differences taking place in December (i.e., 0.5 for the historical data, vs. 0.31 for the synthetically generated data). In winter months, values of α close to zero imply that a unique distribution with parameter     ß 2     will suffice to represent the phenomenon. On the other hand, α values were closer to 1 for dry months, and thus the simulated precipitation is drawn from a distribution with a single parameter     ß 1    . Parameters     ß 1     and     ß 2     obtained from synthetically generated data for La Serena were very close to the observed ones, and properly represented the seasonality of the record (Figure 9b,c). In the case of the Puerto Aysén gauge (temperate climate), more differences were observed for parameter α, particularly in January, March, April, May, June (Figure 9d). Again, parameters     ß 1     and     ß 2     from the synthetically generated data and from the records were alike, although some differences correlated with differences in α, are observed through the year (Figure 9e,f).




3.2.4. Interannual Variability


Figure 10 compares the standard deviation for monthly precipitation amounts calculated from the observed and simulated data, both with and without the ENSO index as a covariable. The results for all stations and for all twelve calendar months have been combined, in order to have an overall assessment of the ability of the model to simulate interannual variability. The GLM model with one variable (Kt−1) underestimated the interannual variability, particularly during those months with less precipitation in arid and Mediterrenean climates. In contrast, the standard deviation values were better represented when incorporating the ENSO index, which implies an improvement in the simulation of the interannual variability. Standard deviations of the number of wet days from the observations, and those from simulations conducted with and without the ENSO index models, are given in Figure 11. Using the ENSO index as a covariate improved the representation of the interannual variability of the frequency of wet days. This indicates that the overdispersion problem in the model for monthly precipitation totals is the result of its inability to produce a sufficiently large variance in the number of wet days.




3.2.5. Wet and Dry Spell Durations


The average observed and simulated length of wet and dry spells for all seasons are compared in Figure 12. Simulations were carried out using the ENSO index model. Considering the ENSO index produced slightly longer dry and wet spells, indicating that wet spells length tends to be underestimated by the model, particularly for long durations. On the other hand, the length of dry spells tended to be overestimated by the model for short durations.






4. Discussion and Conclusions


This study shows that incorporating the ENSO index as a covariable in a GLM scheme improves the representation of the precipitation occurrence process (i.e., it allows a better estimation of transition probabilities) in the arid and Mediterranean zones of Chile. This situation was introduced by Furrer and Katz [37,50] for an Argentinean area, located at a latitude similar that to Santiago. In addition, Montecinos and Aceituno [44] indicate that during episodes of El Niño there is a tendency to increase the average precipitation during winter, between 30° and 35° S, and during late spring, between 35° and 38° S (Mediterranean), mostly because of an increase in the frequency of rainy days rather than an increase in the daily magnitude. On the other hand, the ENSO index does not significantly contribute to the estimation of precipitation occurrence in the temperate regions of Chile (i.e., Valdivia and Puerto Aysén). We found that the ENSO index produces the same effect of on both     p 01     and     p 11    : higher positive ENSO index values induce a greater probability of rainfall, irrespective of whether the previous day was wet or dry. Hence, the model is able to increase the frequency of rain during an El Niño phase, and decrease it during La Niña events.



Our results are in agreement with the findings of Breinl et al. [54] who used a semi-parametric WG, and demonstrated that simulations are less biased in wet temperate climates than in dry climates. Nevertheless, the error in the estimation of average annual precipitation in the arid regions of Chile associated with the model proposed (i.e., 8.94%) is much less than that obtained by Taulis and Milke [31], who overestimated the average annual precipitation in the same region by 42% when using gamma distribution for daily precipitation (WGEN). Also, our results confirm the arguments of Li et al. [55], who suggested that functions with more parameters improve the estimates of daily rainfall. In particular, using the mixed exponential distribution allows for a better reproduction the interannual variability [56]. Nevertheless, caution must be taken when using more parameters, in order to avoid the potential issue of overfitting, which can limit the applicability to additional data.



Although arid, Mediterranean, and temperate climates are the focus of the study, these results are in agreement with those from studies developed in other climate zones. For example, Wilby et al. [57] found that the covariable North Atlantic Oscillation (NAO) index and area average sea surface temperature (SST) anomalies can explain the precipitation occurrence for different weather seasons across the British Isles. Hence, this study can be added to a growing body of literature focused on understanding and incorporating global phenomena in the ocean–atmosphere system during the development of WGs.
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	Weather Generators
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	Weather Generate by Richardson and Wright
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	Generalized Lineal Model



	ENSO index
	Monthly Sea Surface Temperature Anomalies of the Region 3.4 of El Niño-Southern Oscillation
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Figure 1. Available daily rainfall data (%) from 1950 to 2013 for 1176 gauges in Chile. 
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Figure 2. Spatial distribution of the rainfall gauges used in this study. 
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Figure 3. Flowcharts for daily precipitation generation using the proposed model. The numbers in square brackets refer to equations in the text. 
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Figure 4. Conditional probabilities obtained with the parameters of a GLM model for different months as a function of the ENSO index. Panels above (a,b) show conditional probabilities of having a rainy day following dry day for La Serena and Santiago, respectively. Panels below (c,d) show the conditional probabilities of having wet days following a wet day for La Serena and Santiago, respectively. Lines in yellow and red are the observed probabilities, whereas black lines are the simulated values. 
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Figure 5. Differences between historic and synthetically generated average annual precipitation. Values were generated with 500 simulations of 64 years. 
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Figure 6. Plots of the simulated versus observed 25-year mean of annual maximum daily precipitation (a) and standard deviation of the annual precipitation (b). 
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Figure 7. Box plot of rainy days calculated from observed and simulated data, grouped in spring–summer months (Left) and autumn-winter months (Right) for La Serena (a,b) and Balmaceda (c,d). In each box plot, the upper triangle, rhombus and lower triangle denote quartile one (Q1), quartile two (Q2) and quartile three (Q3). Five hundred simulations of 64 years were produced to generate the box plots for the simulated data. 
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[image: Water 10 00145 g007]







[image: Water 10 00145 g008 550] 





Figure 8. Box plot of rainy days calculated from observed and simulated data, grouped in spring–summer months (Left) and autumn–winter months (Right) for Santiago (a,b) and Puerto Aysén (c,d). In each box plot the upper triangle, rhombus and lower triangle denote quartile one (Q1), quartile two (Q2) and quartile three (Q3). Five hundred simulations of 64 years were produced to generate the box plots for the simulated data. 
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Figure 9. Seasonal variation of the parameters of the mixed exponential distribution from synthetically generated (dotted lines) and historical data (lines); (a–c) Rancagua gauge (Mediterranean climate); (d–f) Puerto Aysén gauge (temperate climate). 
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Figure 10. Simulated versus observed standard deviation of monthly total precipitation, from simulations carried out with GLM (a) with the ENSO index as a covariable and (b) not incorporating the ENSO index as a covariable. 
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Figure 11. Simulated versus observed standard deviation of monthly number of wet days from simulations carried out with GLM (a) incorporating the ENSO index as a covariable and (b) not incorporating the ENSO index as a covariable. 
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Figure 12. Plots of simulated vs. observed lengths of wet or dry spells for all seasons: (a) average length of wet spells; (b) average length of dry spells. 
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Table 1. General characteristics of the rainfall stations used in this study.






Table 1. General characteristics of the rainfall stations used in this study.





	Station Name
	Climate
	Latitude (° South)
	Longitude (° West)
	Elevation (m a.s.l.)
	Begginning
	End
	% Missing Data
	Average Annual Precipitation (mm)





	La Serena
	Arid
	29°55′
	71°12′
	142
	01/01/1950
	31/12/2013
	3.6
	84.3



	Embalse La Laguna
	Arid
	30°12′
	70°02′
	3160
	01/01/1964
	31/12/2013
	0.7
	159.7



	Santiago
	Mediterrean
	33°27′
	70°40′
	527
	01/01/1950
	31/12/2013
	0
	314.1



	Rancagua
	Mediterrean
	34°46′
	71°07′
	239
	01/09/1971
	31/12/2013
	1.5
	691.7



	Curicó
	Mediterrean
	34°58′
	71°13′
	225
	01/01/1950
	31/12/2013
	10.4
	675,5



	Parral
	Temperate
	36°11′
	71°49′
	175
	01/02/1993
	31/12/2013
	0
	952.2



	Diguillin
	Temperate
	36°52′
	71°38′
	670
	01/05/1959
	31/12/2013
	0.8
	2091.5



	Chillán
	Temperate
	36°35′
	72°02′
	151
	01/01/1950
	31/12/2013
	12.6
	1044.0



	Concepción
	Temperate
	36°46′
	73°03′
	12
	01/01/1950
	31/12/2013
	0
	1119.5



	Temuco
	Temperate
	38°46′
	72°38′
	92
	01/01/1950
	31/12/2013
	13.0
	1163.4



	Futaleufu
	Temperate
	43°11′
	71°51′
	350
	01/01/1960
	31/12/2013
	2.7
	2133.8



	Osorno
	Temperate
	40°36′
	73°03′
	61
	01/01/1950
	31/12/2013
	10.8
	1358.1



	Balmaceda
	Temperate
	45°54′
	71°41′
	520
	01/01/1958
	31/12/2013
	0
	576.3



	Puerto Aysén
	Temperate
	45°24′
	72°42′
	10
	01/01/1950
	31/12/2013
	7.9
	2661.6



	Punta Arenas
	Temperate
	53°00′
	70°50′
	39
	01/01/1950
	31/12/2013
	3.2
	399.7



	Puerto Williams
	Temperate
	54°55′
	67°37′
	30
	01/01/1950
	31/12/2013
	19.9
	480.8



	Valdivia
	Temperate
	39°39′
	73°04′
	18
	01/01/1950
	31/12/2013
	3.7
	1836.2
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Table 2. Parameters of the generalized lineal model (GLM) (Equation (3)) for August, considering precipitation occurrence in the previous day (Kt−1) and the El Niño-Southern Oscillation (ENSO) index as a covariable. Bold values denote statistical significance (p value < 0.05) in the parameters.
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Station Name

	
GLM Parameters

	
Goodness of Fit with ENSO Index

	
Goodness of Fit without ENSO Index




	
     C 0     

	
     C 1     

	
     C 2     

	
R2

	
RMSE

	
AIC

	
R2

	
RMSE

	
AIC






	
La Serena

	
−2.80

	
1.81

	
0.40

	
0.70

	
0.10

	
890.90

	
0.51

	
0.70

	
966.91




	
Embalse La Laguna

	
−3.11

	
2.45

	
0.40

	
0.62

	
0.61

	
645.22

	
0.43

	
2.31

	
670.46




	
Santiago

	
−1.83

	
1.64

	
0.10

	
0.56

	
0.94

	
1800.51

	
0.33

	
3.10

	
2100.67




	
Rancagua

	
−1.71

	
1.72

	
0.10

	
0.76

	
0.91

	
1277.10

	
0.52

	
4.58

	
1877.21




	
Curicó

	
−1.43

	
1.43

	
0.20

	
0.48

	
0.70

	
1744.11

	
0.34

	
0.91

	
1750.84




	
Parral

	
−1.15

	
1.32

	
0.05

	
0.67

	
0.97

	
1863.85

	
0.53

	
1.19

	
1975.91




	
Diguillin

	
−1.03

	
1.51

	
0.08

	
0.42

	
1.15

	
2044.91

	
0.47

	
1

	
2043.22




	
Chillán

	
−1.10

	
1.42

	
0.10

	
0.53

	
1

	
2060.73

	
0.53

	
1

	
2061.11




	
Concepción

	
−0.92

	
1.51

	
0.01

	
0.33

	
1.10

	
2434.81

	
0.30

	
1.16

	
2436.80




	
Temuco

	
−0.53

	
1.41

	
−0.07

	
0.52

	
1.12

	
2119.91

	
0.41

	
1.17

	
2125.91




	
Futaleufu

	
−0.45

	
1.43

	
−0.09

	
0.22

	
1.18

	
1934.75

	
0.20

	
1.19

	
1934.69




	
Osorno

	
−0.40

	
1.51

	
−0.01

	
0.43

	
1.09

	
2112.81

	
0.43

	
1.11

	
2114.88




	
Balmaceda

	
−0.81

	
1.15

	
−0.01

	
0.52

	
1.32

	
2226.31

	
0.50

	
1.21

	
2228.39




	
Puerto Aysén

	
0.10

	
1.51

	
−0.10

	
0.64

	
1.05

	
2058.81

	
0.62

	
1.06

	
2057.61




	
Punta Arenas

	
−0.91

	
0.83

	
0.09

	
0.42

	
1.05

	
2315.61

	
0.40

	
1.10

	
2416.10




	
Puerto Williams

	
−1.01

	
0.92

	
−0.12

	
0.33

	
1

	
1900.11

	
0.21

	
1.12

	
1955.41




	
Valdivia

	
−0.33

	
1.71

	
−0.01

	
0.34

	
1.06

	
2146.54

	
0.32

	
1

	
2100.62
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Table 3. Contingency table of daily frequencies of dry and wet days from observations and simulations obtained from 10 random years.
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Climate Type

	
Station Name

	
Observed

	
GLM with ENSO Index

	
HSS

	
GLM without ENSO Index

	
HSS




	
(0)

	
(1)

	
(0)

	
(1)






	
Arid

	
La Serena

	
(0)

	
3340

	
95

	
0.52

	
3303

	
132

	
0.01




	
(1)

	
100

	
118

	
208

	
10




	
Arid

	
Embalse La Laguna

	
(0)

	
3320

	
119

	
0.46

	
3318

	
121

	
0.03




	
(1)

	
105

	
109

	
201

	
13




	
Mediterrean

	
Santiago

	
(0)

	
3000

	
272

	
0.16

	
2956

	
316

	
0.04




	
(1)

	
290

	
90

	
330

	
50




	
Mediterrean

	
Rancagua

	
(0)

	
2756

	
350

	
0.12

	
2744

	
367

	
0.10




	
(1)

	
421

	
120

	
423

	
118




	
Mediterrean

	
Curicó

	
(0)

	
2621

	
430

	
0.13

	
2631

	
420

	
0.11




	
(1)

	
441

	
161

	
452

	
150




	
Temperate

	
Parral

	
(0)

	
2306

	
573

	
0.12

	
2365

	
514

	
0.11




	
(1)

	
523

	
250

	
551

	
222




	
Temperate

	
Diguillin

	
(0)

	
2212

	
586

	
0.12

	
2130

	
668

	
0.09




	
(1)

	
574

	
281

	
573

	
282




	
Temperate

	
Chillán

	
(0)

	
2194

	
556

	
0.15

	
2183

	
567

	
0.13




	
(1)

	
590

	
312

	
599

	
303




	
Temperate

	
Concepción

	
(0)

	
2054

	
638

	
0.13

	
1995

	
661

	
0.10




	
(1)

	
632

	
364

	
649

	
347




	
Temperate

	
Temuco

	
(0)

	
1411

	
756

	
0.10

	
1403

	
773

	
0.09




	
(1)

	
821

	
655

	
818

	
658




	
Temperate

	
Futaleufu

	
(0)

	
1100

	
849

	
0.09

	
1100

	
849

	
0.04




	
(1)

	
900

	
804

	
900

	
804




	
Temperate

	
Osorno

	
(0)

	
1096

	
806

	
0.09

	
1133

	
769

	
0.08




	
(1)

	
859

	
891

	
902

	
848




	
Temperate

	
Balmaceda

	
(0)

	
1640

	
777

	
0.05

	
1663

	
754

	
0.01




	
(1)

	
780

	
456

	
844

	
392




	
Temperate

	
Puerto Aysén

	
(0)

	
1008

	
766

	
0.04

	
1025

	
709

	
0.02




	
(1)

	
1000

	
878

	
1090

	
828




	
Temperate

	
Punta Arenas

	
(0)

	
1973

	
618

	
0.22

	
2004

	
73

	
0




	
(1)

	
1500

	
61

	
1516

	
59




	
Temperate

	
Puerto Williams

	
(0)

	
1008

	
726

	
0.04

	
1025

	
709

	
0.02




	
(1)

	
1040

	
878

	
1090

	
828




	
Temperate

	
Valdivia

	
(0)

	
898

	
629

	
0.09

	
898

	
629

	
0.07




	
(1)

	
1043

	
1082

	
1087

	
1038
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